Climate model projections can be used to assess the future expected behavior of extreme precipitation due to climate change. In Europe, the EURO-CORDEX project provides precipitation projections in the future under various representative concentration pathways (RCP), through regionalized outputs of Global Climate Models (GCM) by a set of Regional Climate Models (RCM). In this work, 12 combinations of GCM and RCM under two scenarios (RCP 4.5 and RCP 8.5) supplied by the EURO-CORDEX project are analyzed in the Iberian Peninsula and the Balearic Islands. Precipitation quantiles for a set of exceedance probabilities are estimated by using the Generalized Extreme Value (GEV) distribution function fitted by the L-moment method. Precipitation quantiles expected in the future period are compared with the precipitation quantiles in the control period, for each climate model. An approach based on Monte Carlo simulations is developed to assess the uncertainty from the climate model projections. Expected changes in the future are compared with the sampling uncertainty in the control period to identify statistically significant changes. The higher the significance threshold, the fewer cells with changes are identified. Consequently, a set of maps are obtained for various thresholds to assist the decision making process in subsequent climate change studies.
Introduction
Currently, there is general concern about how climate could change in the future. The society and the ecosystems around it are vulnerable to any change in the frequency and intensity of extreme events, such as heat waves, heavy precipitation events, droughts, or wind storms, among others, as seen in recent years [1] . Modifications in the climate will drive local changes in regional weather patterns that could amplify the frequency or the magnitude of such extreme events.
Local adaptation policies to climate change require the expected behavior of extreme precipitation events, due to its influence on flood risk and infrastructure safety. However, simulating precipitation response is challenging because several processes are involved [2] .
Global Climate Model (GCM) outputs can be useful to assess how the climate will behave in the future. GCMs are simplified representations of the Earth's climate system that allow us to represent its global behavior. Therefore, GCMs are used to simulate the possible behavior of global climate in the future, from the expected temporal evolution in a set of forcing variables, such as greenhouse gas emissions. However, GCMs have a gross spatial resolution. Regional Climate Models (RCM) simulate the climate behavior at a higher spatial resolution in a set of regions of the world, by using the outputs of GCMs as input data.
Since the idea of dynamical downscaling appeared, several RCMs have been developed, improved, and applied throughout the world to generate high-resolution climate projections under potential future scenarios for a range of impacts studies [3] . The most recent RCMs have a spatial resolution of 0.11 • , which has been proved to be enough to both represent the orography and capture the interaction between atmosphere flows and surface, making it ideal for regions with substantial orographic features [2, 4] .
Some studies have investigated the ability of RCMs to generate results similar to observations under current climate conditions [2, 3, [5] [6] [7] [8] , showing that existing RCMs are able to reproduce the most important climatic features at regional scales. However, important biases remain, which are partly related to parametric uncertainty and choices in model configuration. In addition, models could be affected by inherent variability and uncertainty of the observational reference data [8] .
Furthermore, the uncertainty in the evolution of extreme rainfall events in the future increases due to three sources: climate simulations (emission scenarios and climate models), methods to estimate extreme rainfalls, and large natural variability of precipitation [9] . Theoretically, most of these uncertainties can be partially quantified by using a large number of climate projections. Large-scale projects, such as the CORDEX initiative, offer a unique opportunity to assess and compare performance of GCM-RCM combinations, explore different sources of uncertainty, and identify shortcomings of GCMs, RCMs, and their combinations [3] .
Given its high potential impact, further studies were devoted to assess the future behavior of extreme precipitation [1, [10] [11] [12] . However, most of them are either conducted at a European scale or focused on specific areas of interest. In the Iberian Peninsula, a limited number of studies can be found [9, 13] . In general, their results do not agree on the extent nor the spatial distribution of expected changes in extreme precipitation events. Some studies suggested a general decrease of 30% in the 10and 100-year precipitation quantiles in the southeast of Spain for the representative concentration pathway (RCP) 8.5, with some values being statistically significant [9] , while others found a general decrease in such extreme events in Spain [14] .
This paper offers a new approach to study the expected effect of climate change on extreme precipitation in the Iberian Peninsula and the Balearic Islands in the future. Future climate scenarios from the Fifth IPCC Assessment Report (AR5) are considered. The results of this study will be useful for subsequent studies about climate change impacts, showing relevant outcomes for decision makers. In addition, it seeks to add conclusive statistically based results about the expected changes in annual maximum daily precipitation in the Iberian Peninsula and the Balearic Islands.
The paper is organized as follows. First, the data used in the study are presented. Second, the procedure used to analyze the performance of climate models in the control period is offered, in order to assess the ability of climate models to represent the observations available under current climate conditions. Third, the methodologies adopted to quantify the changes in precipitation extremes in the future, as well as to assess the uncertainty of the projections are declared. Fourth, results are displayed. Finally, a discussion about results and conclusions are drawn in the last section.
Materials and Methods

Base Data
Data used in this study were supplied by the CORDEX project, through a set of RCMs that regionalize the GCM outputs. The CORDEX initiative is an international programme, sponsored by the World Climate Research Program (WRCP), which provides a framework to generate climate projections under the expected effects of climate change, focused on a set of regions. Model realizations follow the guidelines of the AR5. The region of interest in this study is Europe (EURO-CORDEX; [15] ), as it is the only region that includes the entire Iberian Peninsula.
Precipitation projections are available freely at any of the European datanodes (http://eurocordex.net/060378/index.php.en; https://esg-dn1.nsc.liu.se/search/cordex/). Outputs of the RCMs are Water 2019, 11, 2375 3 of 19 supplied by cells for a set of spatial resolutions and RCPs. In this study, the finest spatial resolution (0.11 •~1 2.5 km) and daily time resolution were selected, both for the control (1951-2005 or 1971-2005 , depending on the model) and future (2006-2100) periods. In addition, RCP 4.5 and RCP 8.5 scenarios were considered.
However, some climate models do not supply projections for both emission scenarios. In addition, models also differ in their cellular mesh. Consequently, a total of 12 climate models from the EURO-CORDEX project were selected (Table 1) , which had the same mesh and supply projections for both RCP 4.5 and RCP 8.5. The study area is composed of the Iberian Peninsula and the Balearic Islands, in the southwestern part of Europe. Cells of the EURO-CORDEX mesh included in a distance of 10 km from either the coast or the border with France were considered, obtaining 4293 cells.
The first step of the methodology consisted of a comparison between climate model simulations in the control period and observed data in such period. The observational data used in this study was supplied by AEMET ('AgenciaEstatal de Meteorología', in Spanish). It consisted of daily precipitation data collected at 1742 rain-gauging stations over the study area. The Portuguese part of the Iberian Peninsula was not considered in this part of the study due to the lack of information available. Most of the study area was well represented, including coastal and mountainous areas. Spatial distribution of the 1742 rain-gauging stations was uniform throughout the study area, with at least one station per 290 km 2 . However, some areas presented a poorer spatial coverage, mainly in the northwestern and southern parts of the Iberian Peninsula. Therefore, caution was taken when assessing the results of the projections in such zones, in addition to the Portuguese part of the Iberian Peninsula, due to the lack of observational data.
Observational records were extracted in the control period of climate models selected in Table 1 (1951-2005 or 1971-2005 , depending on the climate model), in order to conduct a proper comparison. Rain-gauging stations with less than 20 years of observations in the considered periods were discarded.
Methodology
Comparison between Climate Model Simulations in the Control Period and Observations
The first step consisted of comparing precipitation projections supplied by each climate model of Table 1 in the control period with the observations at rain-gauging sites in the same period. Such comparison was conducted through a set of statistics to summarize different aspects of precipitation time series (Table 2) . Though the study is focused on annual maximum series (AMS) of precipitation, an overall assessment of mean annual values was also conducted. Regarding the average daily behavior of precipitation, three statistics of precipitation time series were considered: the mean (Mean; Equation (1)), coefficient of variation (CV; Equation (2)) and coefficient of skewness (CS; Equation (3)) of precipitation time series were considered.
where x i is the daily precipitation in day i and n is the number of days considered.
AMS were extracted to characterize the behavior of extreme precipitation events, considering a hydrological year from October to September. For AMS, the mean (MeanMax; Equation (4)), coefficient of variation (CVMax; Equation (5)) and coefficient of skweness (CSMax; Equation (6)) were calculated.
where y i is the annual maximum daily precipitation in year i and N is the number of years in the time series.
Such statistics were calculated in precipitation series both recorded at rain-gauging stations and simulated by climate models in cells. Statistics in the observed series were calculated for the two time intervals considered in the control period by climate models (see Table 1 ), according to the time interval used by each climate model. For a given statistic, results at a given rain-gauging station were compared to those at the spatially nearest cell. Errors (e i,j ) were calculated as the difference between observations and climate model simulations for each statistic (s i ) and each climate model through Equation (7) .
where e i,j is the error of climate model i in the gauging site j, s i,j is the value of a given statistic for the climate model i in the nearest cell for the gauging site j, and s obs,j is the value of the same statistic for the observations in the gauging site j.
For each statistic at each gauging site, the average error of the 12 climate models considered was calculated. In addition, for a given statistic at each gauging site, the coefficient of variation of the errors for the 12 climate models (CVe) was also obtained, in order to assess not only the average error but also how such errors are scattered around its average value. For example, in a given site, if the error is zero but the CVe is high, it will mean that the results among models show large differences, though they have different signs that compensate errors leading to an average value equal to zero.
Relative Changes in Maximum Precipitations Expected in the Future
For the assessment of changes expected in the future in precipitation extremes, three time periods were considered: 2011-2040, 2041-2070, and 2071-2095. Some of the models finished their realizations in 2099, consequently, the year 2095 was chosen to have a homogeneous length for data treatment. AMS in such three periods were extracted from the projections supplied by each EURO-CORDEX climate model. In addition, AMS were extracted in the control period for each climate model. Thus, two AMS of 30 years and one of 25 years in the future period were obtained, but one AMS of either 54 or 34 years in the control period was obtained.
Precipitation quantiles for a set of exceedance probabilities were estimated by fitting a distribution function to each AMS. Seven return periods were selected as representative probabilities for civil engineering design purposes, such as sewage systems, culverts and dams: 2, 5, 10, 50, 100, 500, and 1000 years. Precipitation quantiles for a given return period were estimated by the Generalized Extreme Value (GEV) distribution function fitted through the L-moment method [16] . The use of a three-parameter distribution function improves the characterization of the behavior of the right tail upon a two-parameter distribution function, such as the Gumbel. The GEV distribution function is used to fit a frequency curve from annual maximum precipitation time series in various countries [17] , and specifically in Spain [18] .
For a given return period, T, relative differences or deltas (∆ T ) in precipitation quantiles between a given period in the future and the control period were obtained, for each model, cell, and RCP, following Equation (8) . Possible systematic biases inherent to each climate model that could lead to generalized errors in precipitation magnitudes compared to observations in the control period at a given site were neglected, as precipitation quantiles obtained from observations are not included in Equation (8) . Consequently, ∆ T assesses the expected changes predicted for each model regardless of its bias from observations.
The resulting value (∆ T ) is a dimensionless value, which indicates the relationship between precipitation in the control period and the future period. It can be understood as a percentage by multiplying the values of ∆ T by 100. For example, a value of 0.5 means that precipitation will increase by 50%. In this way, precipitation in the future can be obtained by multiplying the current precipitation by the ∆ T indicated in ∆ T = P T,i − P T,con P T,con ,
where P T,con and P T,i are the precipitation quantiles for the T-year return period in the control period and the future period i, respectively. A set of 12 values of ∆ T were obtained at each cell in each period in the future and RCP. To summarize such information, the 50 (median), 68, and 90 percentiles were obtained in each period in the future, to show the expected change in extreme precipitations over the Iberian Peninsula and the Balearic Islands in each cell and RCP. In order to present the results visually, a smoothing procedure was adopted, consisting in a linear interpolation for a finer 5-km grid. Such a simple interpolation Water 2019, 11, 2375 6 of 19 procedure was selected as RCMs have already considered orography, and the use of more complex techniques would not have changed the result obtained substantially.
However, these results do not take into account the uncertainty of estimates. A delta value could have such a small value that it could be negligible for the return period considered. Thus, a statistically based method for considering uncertainty in quantile estimates was developed in the next subsection.
Uncertainty Assessment on Delta Changes
Quantiles estimates for a given exceedance probability entail a sampling uncertainty that depends on the distribution function used and the record length of observations. Such uncertainty represents the feasible variability of results around the calculated value because of using a limited record length. In climate change analysis, uncertainty estimates are used to identify thresholds for which an expected change in the future can be considered as caused by 'natural' variability or not. 'Natural' variability refers to a change that is smaller than the inherent variability of quantile estimates.
Monte Carlo simulations were used to obtain such uncertainty ranges. A set of 1000 random series with values between 0 and 1 were generated by using a uniform distribution, for each cell, model, and the three different lengths in the future periods, two of 30 and one of 25. Such varying lengths of the periods in the future were considered, as uncertainty depends on such variable. The probabilities were transformed into precipitation values by using the GEV distribution functions fitted in the control period, assuming a non-stationary hypothesis, where precipitation extremes in the future periods behave similarly to the control period. Consequently, a new set of 1000 GEV distribution functions were fitted, for each cell, model, and period in the future. The range of the natural variability under a non-stationarity assumption for each return period was quantified.
If a given precipitation quantile in the future were outside of the two-sided confidence interval (α), the change would be considered significant and possibly caused by climate change instead of by the natural variability of precipitation extremes. In order to identify the significance of a change, a threshold (α) needs to be selected. In addition, the minimum number of models (N) with a significant change that would confirm that climate change affects precipitation extremes in a given cell for a given period in the future needs to be determined. Thus, different combinations of both threshold and number of models were considered to study how the identified significant changes vary over the study area.
The median of the changes (∆ T ) for all the climate models in a given cell will show the most probable expected change in the future. ∆ T was obtained in those cells where the change was identified as significant with the selected threshold and a given minimum number of models. The 12 models were used in each case because none of them can be removed, as they all have the same probability of occurrence.
It is important to acknowledge that the possible expected changes in precipitation quantiles that are associated with the influence of climate change, could be induced by climatic oscillations. However, consideration of climatic oscillations is out of the scope of this paper. Figure 1 shows the results for the statistics described in Section 2.2.1, characterizing the errors between climate model projections in the control period and observation at rain-gauging sites in the same period. Each circle represents a gauging station. Its color represents the average error in the 12 climate models, and its size the dispersion of error values among climate models (CVe). The legend shows only three values of CVe for the sake of visual simplicity. The lowest value (CVe~0) indicates that the 12 climate models have the same error (e i ) for a given statistic (s i ), while the highest value (CVe~10) means that climate models have differing error values with a large dispersion. Figure 1 points out that climate models present a relatively good fit to observations, mainly for AMS. For daily series, Mean shows a generalized overestimation of mean daily precipitations ( Figure 1a ), especially in mountainous areas, while CV displays a smaller dispersion than observations (Figure 1c ), indicating that climate models simulate daily precipitations with a more uniform pattern than observations. The smallest errors are found in MeanMax ( Figure 1b ) and CS (Figure 1e ). Despite the light colors of the circles, most of them have CV evalues equal to one meaning that the statistic differs among climate models significantly. However, this result is reasonable when comparing such a huge amount of data produced with different parametrizations. Finally, CSmax results present a significant randomness (Figure 1f) , showing the large uncertainty of climate models for simulating the most extreme values of precipitation. Such randomness is partially associated with the expected variability in third-order statistic estimates with short samples. indicating that climate models simulate daily precipitations with a more uniform pattern than observations. The smallest errors are found in MeanMax ( Figure 1b ) and CS (Figure 1e ). Despite the light colors of the circles, most of them have CV evalues equal to one meaning that the statistic differs among climate models significantly. However, this result is reasonable when comparing such a huge amount of data produced with different parametrizations. Finally, CSmax results present a significant randomness (Figure 1f) , showing the large uncertainty of climate models for simulating the most extreme values of precipitation. Such randomness is partially associated with the expected variability in third-order statistic estimates with short samples. Figure 2 shows that the main changes for the 10-year precipitation quantiles are located in both northeastern and northwestern corners of the Iberian Peninsula with increases around 20% for the 50th percentile. In the southern part of the Iberian Peninsula some decreases in precipitation quantiles are expected for the 50th percentile. Despite this similarity in the previous areas, the two RCPs considered show differing results, mainly in the southwestern and eastern parts of the Iberian Peninsula. RCP 8.5 shows a generalized increase and decrease over such areas, respectively. However, RCP 4.5 projects smaller and fuzzier changes. In addition, RCP 8.5 shows an increase in the 10-year precipitation quantiles in the Ebro River Basin, mainly in its center and northeastern corner, though RCP 4.5 shows a decrease. Summarizing, areas where the 10-year precipitation quantiles are expected to have the largest changes in both RCPs are the northeastern and northwestern corners of the Peninsula, the left side of the Douro River Basin, and the Balearic Islands. Results for 10-year precipitation quantile changes shown in Figure 2 may be useful for design and maintenance of sewage systems, as well as for flood risk plans in municipalities.
Results
Comparison between Climate Model Simulations in the Control Period and Observations
Expected Changes in Precipitation Quantilesin the Future
Results for higher return periods are shown in Figures 3 and 4 . Some patterns can be extracted, though quantile estimates for high return periods have large uncertainties considering the short time series considered. In general, results show a higher spatial variability in delta changes. Both northeastern and northwestern corners of the Iberian Peninsula show increases in precipitation quantiles, similar to the results obtained for the 10-year return period. However, the generalized increasing pattern in the Douro River Basin is less clear, as the return period increases, reducing such pattern to the left side of the basin. In addition, the Tagus and Guadiana River Basins show decreases and increases in precipitation quantiles, respectively, as the return period increases. Such patterns are evident for both RCPs. Large changes in such quantiles are also found in the left side of the Douro River Basin and the northeastern and northwestern corners of the Iberian Peninsula, though being less evident in the latter. Finally, the Mediterranean area and Balearic Islands could expect the largest changes for high precipitation quantiles, as opposed to the results for 10-year precipitation quantile. Results for 100-year precipitation quantiles presented in Figure 3 may be useful for flood risk management plans at the catchment scale. In addition, expected changes in 1000-year precipitation quantiles shown in Figure 4 may be useful for critical infrastructures, such as dams. Tables 3 and 4 summarize the results shown in Figures 2-4 , Supplementary Material, and results for other return periods. The Iberian Peninsula and the Balearic Islands were divided into 13 regions, by either boundaries of the river basin authorities or merging coastal basins with similar climatic characteristics. The geographical distribution of the regions can be seen in Figure 5 , with different colors assigned for each region. The tables show qualitative expected changes. The green color represents a generalized positive change in the region (increase in the precipitation quantile). Red color indicates a generalized negative change in the region (decrease in the precipitation quantile). The orange color represents regions where both changes appear, and finally, no color was assigned to regions where the change is not seen clearly or there is no change.
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Uncertainty of Delta Changes in Precipitation Quantiles
In order to identify appropriate significance thresholds, the influence of both the two-sided significance level (α) and the minimum number of models with change (N) in the results was examined. Figure 6 shows the average percentage of cells per climate model with significant changes against the significance threshold, drawn as one-sided (α/2). Each line represents a given minimum number of models with change (N). The analysis was conducted for the 100-year precipitation quantile in the period 2041-2070, as similar results were found for other return periods and periods in the future. Notes: green-Most of the region increase its precipitation; orange-Both signs (increase and decrease) appeared; red-Most of the region decrease its precipitation; blank-No sign has appeared.
In order to identify appropriate significance thresholds, the influence of both the two-sided significance level (α) and the minimum number of models with change (N) in the results was examined. Figure 6 shows the average percentage of cells per climate model with significant changes against the significance threshold, drawn as one-sided (α/2). Each line represents a given minimum number of models with change (N). The analysis was conducted for the 100-year precipitation quantile in the period 2041-2070, as similar results were found for other return periods and periods in the future. The comparison between both RCPs shows that the behavior is similar for all the minimum number of climate models with significant changes, though a small favorable shift in the percentage of cells per model in the RCP 4.5 can be seen. For N≥1 (at least one model with significant changes), the average number of cells per model reaches almost 90% with a significance level of 5%. However, a significance level of 50% is needed to reach the same percentage of cells for N≥12. Furthermore, the distributions of the different minimum number of models are equidistant. Thus, no clear hint arises from the evaluation.
Spatial Layout of Significant Changes
Spatial distribution of cells with significant changes for a set of thresholds and return periods are outlined in Figures 7-9 , in order to explore further about the selection of the significant thresholds. A minimum number of models with change larger than or equal to six (N≥6) was selected, as it means that at least half of the climate models have a significant change. The 10-, 100-, and 1000-year precipitation quantiles were selected, considering the period2041-2070. Three thresholds of interest were considered: 5%, 10%, and 20% two-sided significance levels. The rest of the future periods and precipitation quantiles can be found in Supplementary Material. In order to present the results, the same smoothing procedure used in Section 4.1 was adopted. The comparison between both RCPs shows that the behavior is similar for all the minimum number of climate models with significant changes, though a small favorable shift in the percentage of cells per model in the RCP 4.5 can be seen. For N ≥ 1 (at least one model with significant changes), the average number of cells per model reaches almost 90% with a significance level of 5%. However, a significance level of 50% is needed to reach the same percentage of cells for N ≥ 12. Furthermore, the distributions of the different minimum number of models are equidistant. Thus, no clear hint arises from the evaluation.
Spatial distribution of cells with significant changes for a set of thresholds and return periods are outlined in Figures 7-9 , in order to explore further about the selection of the significant thresholds. A minimum number of models with change larger than or equal to six (N ≥ 6) was selected, as it means that at least half of the climate models have a significant change. The 10-, 100-, and 1000-year precipitation quantiles were selected, considering the period 2041-2070. Three thresholds of interest were considered: 5%, 10%, and 20% two-sided significance levels. The rest of the future periods and precipitation quantiles can be found in Supplementary Material. In order to present the results, the same smoothing procedure used in Section 4.1 was adopted.
cyan zone can be seen for both RCP and quantiles. This suggests that real significant changes can be seen in both RCPs.
In this study, spatial correlation among significant changes was not considered. Consequently, smaller significance levels (5%) could show smaller extents than expected. Larger areas with significant changes obtained for higher significance levels (20%) point to such larger extents of expected changes. Therefore, high significance levels may be recommended. As expected, the higher the significance level, the larger the number of cells that are significant. Furthermore, Figures 7-9 show that more cells with a significant change are identified in RCP 8.5 than RCP 4.5, for all thresholds. In general, despite some zones, both RCPs present similar change signs. However, RCP 8.5 shows more areas with negative changes than RCP 4.5, especially in the center of Tagus and Guadalquivir River Basins. Besides, as the return period rises, the number of significant cells decreases. However, results for the 100-year and 1000-year precipitation quantiles are similar, although results differ for the 10-year quantile. Considering significance thresholds, areas with significant changes have the same sign for both RCPs, despite the results obtained in Section 3.2 that showed that the change sign varied depending on the RCP considered. For example, in the left side of Douro and Guadiana River Basins, a small cyan zone can be seen for both RCP and quantiles. This suggests that real significant changes can be seen in both RCPs.
In this study, spatial correlation among significant changes was not considered. Consequently, smaller significance levels (5%) could show smaller extents than expected. Larger areas with significant changes obtained for higher significance levels (20%) point to such larger extents of expected changes. Therefore, high significance levels may be recommended. 
Discussion and Conclusions
Model Biases
The first step in the assessment of precipitation projections supplied by climate models consists of calculating biases in the control period, in order to check if climate models can reproduce actual climate conditions in the past. A comparison between climate projections and observations in the control period was conducted in the Spanish Iberian Peninsula and the Balearic Islands, using observed data available at 1742 rain-gauging sites.
Statistics for daily series show some areas with an overestimation in the mean daily precipitation, especially for mountainous areas, as well as a generalized underestimation in its dispersion. However, more accurate results were found in simulating the coefficient of skewness. 
Discussion and Conclusions
Model Biases
Statistics for daily series show some areas with an overestimation in the mean daily precipitation, especially for mountainous areas, as well as a generalized underestimation in its dispersion. However, more accurate results were found in simulating the coefficient of skewness.
Extreme precipitation events were studied through annual maximum series. Results show smaller errors in the mean and dispersion, while they show large errors spatially random for the coefficient of skewness. Summarizing, climate models are able to reproduce statistical properties of annual maximum precipitation series better than daily precipitation series, mainly for characterizing mean values and dispersion.
Uncertainty Thresholds
The uncertainty analysis shows the complexity in selecting both thresholds considered. The significance level represents a threshold to consider a change as not driven by natural variability. The minimum number of climate models with a significant change describes the minimum number of climate models that must have a significant change in a cell to consider that the precipitation quantile in such cell is expected to change in the future.
Regarding the minimum number of climate models, the percentage of cells with change was plotted against the significance threshold, to compare different choices for the threshold. The results show equidistance between the distributions for the values of the considered threshold. Besides, similar results were found for both RCPs. Therefore, a trade-off option may be to consider a threshold equal to at least half of the total number of climate models, which in this case is six. A higher number of climate models leads to a higher significance threshold to obtain changes, especially when more than eight models is considered.
The choice of the significance threshold depends on the scientific rigor required. A 1% threshold leads to almost no cells with significant changes. However, Figures 7-9 show that with a 10% significance level, some more areas with significant changes emerge, even for the highest return period quantiles. Thus, a threshold between 1% and 20% may be reasonable for climatic studies. In addition, cross spatial correlation among significant changes was not considered in this study. Consequently, a higher significance level could be considered reasonable.
General and Significant Changes in Precipitation Quantiles
The expected changes in annual maximum daily precipitation quantiles were assessed in the Iberian Peninsula and the Balearic Islands. Identified changes depend not only on the geographical location, but also on the RCP, precipitation quantile, and period considered, as the results may indicate that climate oscillates over time.
Despite such spatiotemporal dispersion in the results, some general trends were found. First, Tables 3 and 4 show that a general decrease pattern in both low and high return periods is expected in the Guadalquivir River and Southern Basins. Decreases were also found in some inland parts of the Iberian Peninsula, such as the Tagus River Basin and some areas of the Ebro River Basin, especially for high return periods. Second, significant increases were found in the northern part of the Iberian Peninsula, both in the Douro River Basin and some areas of the Ebro River Basin, as well as the upper eastern and western corners (Catalonia and Galicia, respectively), with large changes in some return periods. Therefore, a clear north-south pattern was found. An increase in the precipitation quantiles are expected in northern areas, while a decrease is expected in southern parts of the Iberian Peninsula.
Regarding the uncertainty analysis, some changes with respect to the previous results are highlighted. As it was expected, spatial extension of areas with change increases, as the significance threshold also increases. However, though the spatial extent of the change increases, the areas of change remain among levels of significance. Therefore, regional change patterns were found.
Areas with positive changes in both RCPs are the headwaters of the Guadiana River Basin, the central part of the Douro River Basin, and some specific areas of the Mediterranean coast. In addition, for high return period quantiles (100-to 1000-years), the Balearic Islands show such upward shift. Negative changes can be found in the Tagus River Basin and southeastern parts of Spain for RCP 8.5.
Such negative trend agrees with the findings of [9] . Nevertheless, this study found larger areas with positive changes in that region than those obtained from [9] .
Finally, areas with significant changes are usually identified in both RCPs, regardless of the threshold and quantile considered. Therefore, a similar sign of change for both RCPs in a given area could indicate that such change is likely to happen in the future.
Patents
The findings of this study are collected in the database 'Tasas de cambio en los cuantiles de precipitación diaria máxima anual esperables en situación de cambio climático a escala nacional' that was registered in the 'Registro Territorial de la Propiedad Intelectual de la Comunidad de Madrid' (Spain) on 12 March 2018 with the code 16/2018/5074.
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The following are available online at http://www.mdpi.com/2073-4441/11/11/2375/s1. Figures S1-S7: Relative changes (∆ T ) for the T-year precipitation quantiles expected in the period 2011-2040. The left column shows results for the RCP 4.5 and the right column for the RCP 8.5. The first row shows results for the 50th percentile, the second row for the 68th percentile, and the third row for the 90th percentile. The colorbar in the lower left corner indicates the color associated to the percentage of change. Blue colors indicate increases in precipitation quantiles and red colors decreases. (S1-T = 2; S2-T = 5; S3-T = 10; S4-T = 50; S5-T = 100; S6-T = 500; S7-T = 1000). Figures S8-S11: Relative changes (∆ T ) for the T-year precipitation quantiles expected in the period 2041-2070. The left column shows results for the RCP 4.5 and the right column for the RCP 8.5. The first row shows results for the 50th percentile, the second row for the 68th percentile, and the third row for the 90th percentile. The colorbar in the lower left corner indicates the color associated to the percentage of change. Blue colors indicate increases in precipitation quantiles and red colors decreases. (S8-T = 2; S9-T = 5; S10-T = 50; S11-T = 500). Figures S12-S18: Relative changes (∆ T ) for the T-year precipitation quantiles expected in the period 2071-2095. The left column shows results for the RCP 4.5 and the right column for the RCP 8.5. The first row shows results for the 50th percentile, the second row for the 68th percentile, and the third row for the 90th percentile. The colorbar in the lower left corner indicates the color associated to the percentage of change.Blue colors indicate increases in precipitation quantiles and red colors decreases. (S12-T = 2; S13-T = 5; S14-T = 10; S15-T = 50; S16-T = 100; S17-T = 500; S18-T = 1000).Figures S19-S25: Spatial distribution of significant changes in the T-year precipitation quantile and period 2011-2040, with a significant two-sided level (α) of 5% (a,b), 10% (c,d), and 20% (e,f). The left column shows the results for RCP 4.5 and the right column for RCP 8.5. A minimum number of six models with significant changewas considered. (S19-T = 2; S20-T = 5; S21-T = 10; S22-T = 50; S23-T = 100; S24-T = 500; S25-T = 1000).Figures S26-S29: Spatial distribution of significant changes in the T-year precipitation quantile and period 2041-2070, with a significant two-sided level (α) of 5% (a,b), 10% (c,d), and 20% (e,f). The left column shows the results for RCP 4.5 and the right column for RCP 8.5. A minimum number of six models with significant changewas considered. (S26-T = 2; S27-T = 5; S28-T = 50; S29-T = 500). Figures S30-S36: Spatial distribution of significant changes in the T-year precipitation quantile and period 2071-2095, with a significant two-sided level (α) of 5% (a,b), 10% (c,d), and 20% (e,f). The left column shows the results for RCP 4.5 and the right column for RCP 8.5. A minimum number of six models with significant changewas considered. (S30-T = 2; S31-T = 5; S32-T = 10; S33-T = 50; S34-T = 100; S35-T = 500; S36-T = 1000).
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